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Abstract: Rice is the most important food crop in Asia, and the timely mapping and monitoring
of paddy rice fields subsequently emerged as an important task in the context of food security and
modelling of greenhouse gas emissions. Rice growth has a distinct influence on Synthetic Aperture
Radar (SAR) backscatter images, and time-series analysis of C-band images has been successfully
employed to map rice fields. The poor data availability on regional scales is a major drawback of this
method. We devised an approach to classify paddy rice with the use of all available Envisat ASAR
WSM (Advanced Synthetic Aperture Radar Wide Swath Mode) data for our study area, the Mekong
Delta in Vietnam. We used regression-based incidence angle normalization and temporal averaging
to combine acquisitions from multiple tracks and years. A crop phenology-based classifier has
been applied to this time series to detect single-, double- and triple-cropped rice areas (one to
three harvests per year), as well as dates and lengths of growing seasons. Our classification has
an overall accuracy of 85.3% and a kappa coefficient of 0.74 compared to a reference dataset and
correlates highly with official rice area statistics at the provincial level (R² of 0.98). SAR-based
time-series analysis allows accurate mapping and monitoring of rice areas even under adverse
atmospheric conditions.
Keywords: Envisat; ASAR; WSM; SAR; radar; paddy rice; rice mapping; time series;
Mekong Delta; Vietnam
1. Introduction: Remote Sensing-Based Rice Mapping
Vietnam is the sixth largest producer of paddy rice in the world and second largest exporter
of milled rice after Thailand [1]. Rice is the single most important food crop in Vietnam, and
rice export contributes a fifth to Vietnam’s GDP [2]. The Mekong Delta—dubbed “Vietnam’s
Rice Bowl”—contains the majority of the area designated for rice agriculture. Mapping and
monitoring of crop growth is therefore of high importance for food security, as well as economic
and ecological planning.
Growth of rice plants is commonly divided into three phases, which consist of a total of ten
growth stages. The first phase is the vegetative phase which consists of the germination, seedling,
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tillering and stem elongation stages. It is followed by the reproductive phase which includes the
panicle initiation, heading and flowering stages. Ripening is the final phase with its milk, dough and
mature grain stages [3]. These stages coincide with changes in plant morphology that influence the
interaction with light and microwaves and thus can be observed with remote sensing data. Multi- or
hyper-temporal remote sensing techniques provide valuable information for the mapping of rice
and distinguishing rice from other land-cover types by monitoring changes in plant morphology.
A review of existing methods for optical and microwave remote sensing of rice areas can be found in
Kuenzer and Knauer [4] and Mosleh et al. [5].
Reliable detection of rice-cropping schemes requires analysis of dense time series in order to
determine different phenological stages in the growth of the rice plant and distinguish rice from
other crops as well as to discriminate between rice-cropping schemes. Authors of optical remote
sensing-based rice studies have frequently emphasized the need of using sensors with very high
revisit times in order to acquire a sufficient amount of cloud-free observations to create reliable time
series [6–15]. Microwave-based remote sensing techniques, on the other hand, have the advantage of
being non-susceptible to cloud cover. Numerous studies have been conducted to assess the potential
of active microwave sensors for backscatter characterization in Mekong River Basin [16] and using
Synthetic Aperture Radar (SAR) sensors for rice mapping [17–23]. The first studies of rice mapping
with spaceborne SAR sensors have been undertaken with the European Remote Sensing Satellite 1
(ERS-1), showing promising results [20–22,24–26].
The temporal variation of SAR backscatter, σ˝, can be regarded as a function of rice crop growth.
The annual variation of σ˝ from rice is higher than any other agricultural crop, thereby making SAR
sensors valuable remote sensing tools for rice-crop mapping and monitoring [19,22]. The theoretical
background of the C-band microwave interaction with rice plants has been extensively described by
Le Toan et al. [21], who compared the visible backscatter changes in ERS-1 SAR images over two
test sites in Japan and Indonesia with backscatter modelled by means of Monte Carlo simulation.
They have shown that wave-plant-water interactions are the primary backscatter mechanisms in
flooded rice fields, in addition to direct scattering. Scattering from multiple reflections only have
negligible contributions. These findings have been reaffirmed by Wang et al. [27], who arrived at
the same conclusion when comparing RADARSAT-1 data with Monte Carlo simulation-based HH
backscatter models. These modelling efforts can be used to explain the distinct backscatter profile
rice-growing areas emit over time. Before rice is sown, paddies are usually flooded for pest and
vegetation control. This results in very low backscatter values due to specular reflection on the flat
surface. Flooded rice paddies might, however, be influenced by strong winds which cause ripples and
waves on the water surface and consequently increase backscatter. Over the course of the vegetative
and reproductive phases, backscatter continuously increases until the vegetation growth reaches its
maximum at the heading stage. During this time, the phenological development of the rice plant
leads to an elongation of stems, increase in plant moisture and leaf area—generally an increase in
biomass. This in turn increases the area available for reflection of the radar wave via double-bounce
and direct volume scattering leading to an increase in measured backscatter. After the heading stage,
plant moisture, leaf area and biomass start to decline, thus leading to a decline in σ˝ due to the
reduction of the aforementioned scattering effects. This temporal backscatter behavior is illustrated
in Figure 1 showing the C-band backscatter measurements from Envisat SAR measurements over a
triple-cropped rice field in the Mekong Delta.
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other method, backscatter observations from different polarizations are compared to each other for 
determination of rice plant growth phases. While the first method requires data from sensors aboard 
satellites with a short revisit time, the second one is dependent on sensors with dual- or quad-polarization 
capabilities. Method selection for SAR-based rice mapping is essentially determined by the data 
availability and sensor selection. 
Figure 1. SAR backscatter behavior in relation to rice-growing stages (adapted from [18], growing
stage images from [28]) for triple-cropped rice based on a multi-year ASAR WSM time series.
Basically, two common methods of SAR-based rice mapping have been implemented in multiple
study areas using different SAR sensors. In one of the methods, single polarization of backscatter data
with high temporal density is utilized to monitor variations of rice plant over its growth phases.
In the other method, backscatter observations from different polarizations are compared to each
other for determination of rice plant growth phases. While the first method requires data from
sensors ab ard satelli es with a sh rt revisit time, the second one is depend nt n sens rs with
dual- or quad-polarization capabilities. Method selection for SAR-based rice mapping is essentially
determined by the data availability and sensor selection.
The backscatter images, acquired by the C-band SAR onboard ERS-1 with a repeat time of
35 days, were used in numerous SAR-based multi-temporal backscatter analyses for rice mapping
case studies in Thailand [22], Indonesia [21], Japan [21,23,24], Vietnam [29], Canada [30,31] and
India [25,26,32,33]. Methods developed for ERS-1 SAR data have been advanced and successfully
transferred to RADARSAT-1 acquisitions at C-band with horizontal co-polarization and a 24-day
repeat cycle [19,34–39]. Joint analysis of ERS-1/2 and RADARSAT-1 data showed how polarization
and incidence angle influence backscatter from paddy rice [40]. Comparative studies showed that
C-, L- and X-band can be utilized for the multi-temporal method [41,42]. Rosenqvist [43] highlighted
the limits of L-band data since rice planted in slant range direction of the SAR instrument exhibits a
dynamic σ˝ range of more than 20 dB compared to only a few dB if it is planted in azimuth direction
caused by directional resonance and attenuation effects. Despite these limitations, rice mapping with
L-band has been shown to work in several studies in southeastern China [44–46].
The second common method exploits the fact that the vertical structure of the rice plant
attenuates vertically polarized waves to a higher degree than horizontally polarized waves [19,21].
The potential of this behavior for rice classification was initially explained by comparison of
C-band ERS and RADARSAT-1 data, ground-based X-band measurements, as well as backscatter
models [19,21,27,34,47]. Studies by Chen et al. [48], Bouvet et al. [49] and Lam-Dao et al. [17] employed
Envisat ASAR data to show that the ratio between HH and VV polarization on multi-temporal
datasets can be used to classify rice areas with higher accuracy and less temporal coverage compared
to the first method. Polarimetric decomposition of fully polarimetric RADARSAT-2 acquisitions
showed promising results regarding not only the binary rice/non-rice classification of images but
also the detection of rice’s growth stages [50–52]. Rice classification performance of TerraSAR-X
(TSX) images over test sites in Spain and the theoretical models behind multi-polarization and
X-band-based rice classification have been extensively described by Lopez-Sanchez et al. [53–55]
as well as for the Mekong Delta [56–58]. Studies based on the second method, employing
backscatter response from different polarizations, have shown the capability of distinguishing
rice from other land cover and detecting its growth stages with less temporal coverage than the
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single-polarization, multi-temporal method for small study regions. Application of this approach
on the regional or continental scale has been hampered by limited coverage of SAR sensors with
dual- or quad-polarization capabilities.
SAR-based classification methods belonging to the two aforementioned categories have been
proven to accurately map rice-cropping schemes under different growing regimes with a variety
of sensors. The multi-temporal, single-polarization method has been applied far more often than
the multi-polarization method, which is not an indicator of its superiority but rather highlights the
limited availability of data suitable for the second method. Studies investigating the capabilities of
the second method often underlined their superior accuracies compared to studies employing the
first method.
These methods have been utilized for the Mekong Delta, and the first notable results have
been published by Liew et al. [29], who derived backscatter change from ERS-2 time series and
classified eight different rice-cropping schemes according to their temporal backscatter behavior.
Bouvet et al. [18] were the first to employ the multi-temporal method to produce a map of
rice-cropping schemes and areas for the whole Mekong Delta with the use of Envisat ASAR
wide swath data. They achieved this by aggregating horizontally polarized SAR time-series
classifications from three satellite tracks since temporal coverage for a single track is not dense
enough to achieve high classification accuracy. The resulting seasonality map has a reported
accuracy of 75.8% compared to a reference dataset created from dual-polarization ASAR data. Efforts
by Bouvet et al. [47] and Lam-Dao et al. [17] emphasized the performance of rice mapping with
dual-polarization ASAR data in the Mekong Delta while employing a straightforward HH/VV ratio
and achieving accuracies of up to 89.8%. Lam-Dao et al. [17,57–59] also showed the applicability
of this method for X-band TerraSAR-X data as well as predicting crop yield by combining SAR
images and survey data. However, limited availability of dual-polarization SAR data prohibited
the implementation of this classification approach on a regional scale. Thus far, no study was able
to utilize the complete Envisat ASAR archive for the Mekong Delta due to incidence angle effects on
rice mapping. The goal of our study is therefore to classify rice areas and determine the seasonality
of rice crops in the Mekong Delta by using phenological techniques applied on multi-year Envisat
ASAR WSM time series from 2007 to 2011. This study builds upon methods initially developed by
Nguyen et al. [60] over the Red River Delta, Vietnam.
2. Study Area: Mekong Delta
The Mekong Delta (MKD), Vietnam’s southernmost region and home to over 18 million
inhabitants, covers an area of about 40,000 km2 between 8.5˝´11.5˝N and 104.5˝´106.8˝E and
consists of 13 provinces, as depicted in Figure 2. Due to its origin by accumulation of alluvial
sediments from the Mekong River, the wide flat plain is mostly located below sea level and consists
of fertile soils [61] and, like all deltas, it is vulnerable to a number of factors [62,63]. An intricate
flood regime influences it, which used to be a single-peak pulse but is expected to change due to
upstream regulatory measures [64,65]. Irrigation and flooding of agricultural land is managed by a
dense network of channels, dykes and gates.
A distinct dry season lasting from December until May caused by the northwest monsoon
followed by a rainy season caused by the southwest monsoon typically lasting from June to December
characterize the MKD, which experiences an average of 1800 mm precipitation per year. Large parts
of the delta are flooded and covered in a new layer of sediments each rainy season; flood-controlled
fields experience this every 3 to 4 years without interrupting the rice-cropping scheme [66].
This constant fertilization is the basis for the agricultural prosperity of the region where 62% of
the land is used for agriculture, 15% aquaculture and 6% mangrove and melaleuca forest [67]. Since
rice is by far the dominant crop, cultivated on 73.9% of the agricultural land, this region is often
referred to as the “rice bowl of Vietnam.” Towards the coast, rice cropland gives way to aquaculture
of shrimp and fish as well as residual mangrove forest and hybrid land-use forms combining rice and
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shrimp farming or mangrove forest and shrimp farming. Aquaculture is the dominant land-use form
in the southernmost part of the region and it is increasingly diminishing the remaining mangrove
forests [68–71]. Rice is grown in three distinct cropping seasons called “Ðông-Xuân” or “Spring”
from November to March, “Hè-Thu” or “Autumn” from April to August, “Thu-Ðông” or “Winter”
in inland areas from August to December and “Mùa” or “Main wet season” in coastal areas from July
to February of the following year resulting in one to three rice harvests per year. Some triple-cropped
areas employ a short “Spring´Summer” season between Winter´Spring and Summer´Autumn.
Choice of rice variety, cropping scheme and growing season implemented by farmers is highly
dependent on the availability of irrigation water and local water management practices leading to




Figure 2. Planted rice area per province and season averaged for the period of 2007 to 2011 
(Source: General statistics Office of Vietnam) (adapted from [18]). 
3. Data 
The Advanced Synthetic Aperture Radar (ASAR) was a C-band sensor on the Envisat satellite which 
was launched on 1 March 2002; it had a 35-day repeat cycle and was operated by the European Space 
Agency (ESA) until April 2012. Multiple orbit paths can be used to observe the same area in a shorter 
time due to the side-looking nature of the ASAR instrument with different incidence angles ranging from 
17° to 42°. For this study, we had access to almost all archived wide swath mode acquisitions from 
January 2007 through December 2011 that completely or partially cover the Mekong Delta. A total of 
121 ASAR WSM HH polarization images at 150 m spatial resolution were available coming from 
different tracks (about 15 tracks in total): Track 32 (19 images); Track 183 (6 images); Track 304 (11 
image); Track 412 (10 images); Track 97 (3 images); Track 147 (10 images); Track 377 (3 images); 
Track 75 (8 images); Track 490 (6 images); Track 261 (6 images); Track 118 (13 images); Track 219 (4 
images), Track 104 (6 images), Track 262 (5 images) and Track 347 (12 images). We used Level-1b 
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3. Data
The Advanced Synthetic Aperture Radar (ASAR) was a C-band sensor on the Envisat satellite
which was launched on 1 March 2002; it had a 35-day repeat cycle and was operated by the European
Space Agency (ESA) until April 2012. Multiple orbit p ths c be used to observe the sam ar a
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in a shorter time due to the side-looking nature of the ASAR instrument with different incidence
angles ranging from 17˝ to 42˝. For this study, we had access to almost all archived wide swath mode
acquisitions from January 2007 through December 2011 that completely or partially cover the Mekong
Delta. A total of 121 ASAR WSM HH polarization images at 150 m spatial resolution were available
coming from different tracks (about 15 tracks in total): Track 32 (19 images); Track 183 (6 images);
Track 304 (11 image); Track 412 (10 images); Track 97 (3 images); Track 147 (10 images); Track 377
(3 images); Track 75 (8 images); Track 490 (6 images); Track 261 (6 images); Track 118 (13 images);
Track 219 (4 images), Track 104 (6 images), Track 262 (5 images) and Track 347 (12 images). We used
Level-1b ground range-corrected data (ENVISAT.ASA.WSM_1P), which was generated by ESA from
Level-0 data using the ScanSAR technique.
Using scenes with partial coverage of our study area leads to an unequal spatial distribution of
available data points for the creation of a time series. The amount of available acquisitions ranges
from 80 to 113 with an average of 101 as shown in Figure 3a. In our multi-track, multi-year approach
we combined the scenes according to their acquisition day of year (DOY) which leads to a time gap
ranging from 1 to 16 days between available scenes with an average interval between 1.5 and 2.2 days.
The total number of available scenes, averaged number of observations per week of year as well as
the distribution of longest interval between the acquisitions are shown in Figure 3a–c, respectively.
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analysis method on C-band Envisat ASAR data for rice mapping. We combined several ASAR WS mode 
acquisitions from multiple tracks to enhance temporal and spatial coverage, which has been also 
successfully applied in previous ASAR studies [18,72]. All Envisat ASAR WSM scenes were  
pre-processed using the open source software NEST (Next ESA SAR Toolbox). Pre-processing 
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A land-use map for the 13 provinces in our study area representing the year 2010 at the scale
1:50,000 has been provided by the General Department of Land Administration of Vietnam. The
Vietnam Institute of Meteorology, Hydrology and Environment supplied us with a land-use map
for the year 2005 at the scale 1:650,000. In addition, rice area statistics for each province have been
collected by the General Statistics Office of Vietnam (Figure 2).
4. Methods and Data Analyses
Considering data availability for our study region, we chose to perform the multi-temporal
backscatter analysis method on C-band Envisat ASAR data for rice mapping. We combined several
ASAR WS mode acquisitions from multiple tracks to enhance temporal and spatial coverage, which
has been also successfully applied in previous ASAR studies [18,72]. All Envisat AS R WSM scenes
were pre-processed using he open source sof ware NEST (Nex ESA SAR Toolbox). Pre-processing
consi ted of geocodi g, adiometric calibration and resampling. The geocoding step involved a
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Range Doppler Terrain correction processing that used the elevation data from the 3 arc-second
DEM product from the Shuttle Radar Topography Mission (SRTM) and DORIS orbit state vectors
provided by ESA. In this process, data are resampled and geo-coded to a grid of 75 m spacing
to preserve the 150 spatial reolution according to the Nyquist sampling therom [72]. The data
analysis in this study has been performed in six steps as illustrated in Figure 4: (1) ENVISAT
ASAR pre-processing; (2) Backscatter normalization to a reference incidence angle (regression-based
approach): σ˝ Ñ σ˝NOR; (3) Time-series compositing and averaging: σ˝NOR Ñ σ˝NOR_average;
(4) Time-series smoothing with a Gaussian moving window filter: σ˝NOR_average Ñ σ˝smooth;
(5) Classification using a knowledge-based decision-tree approach; (6) Accuracy assessment based
on the intersection of a 2005 and 2010 land-use map.
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Figure 4. ENVISAT ASAR data analysis, rice classification, and validation steps.
4.1. Incidence Angle Normalization
After pre-processing of the ASAR WSM scenes, the following parameters are obtained for
each scene: sigma nought backscatter coefficient (σ˝) expressed in decibels, and incidence angle (θ)
expressed in degrees. The backscatter is not only influenced by the land cover but also the incidence
angle. In order to detect changes in backscatter resulting from a change in surface status or land cover,
it is necessary to remove incidence angle dependency of backscatter by normalizing all acquisitions to
a common incidence angle. Thi was achieved by the approach described in [73,74]. In this method,
long-term observations are used to model backscatter behavior with respect to incidence angle by
performing linear regression analysis.
σ0 pθq “ a` bθ (1)
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where the θ is the incidence angle, σ˝ is the backscatter and b is the slope parameter (gradient) of
the regression line. Using the acquired slope parameter of the regression line for each pixel, all















The normalization of backscatter measurements ensures comparability of scenes for time-series
analysis. Figure 5a,b illustrate the slope and the mean of normalized backscatter. In Figure 5c,d a
single ASAR WSM scene from 1 March 2007 is depicted before and after the backscatter normalization
to 30˝. Since the incidence angle could have a significant influence on the backscatter sometimes even
larger than the natural backscatter dynamics over time, the normalization of backscatter is essential
for time-series analysis (Figure 6). The backscatter behavior with respect to incidence angle varies
depending on surface characteristics. For example, the influence of incidence angle on backscatter
is higher for bare soil (high gradient, steep regression line) than for densely vegetated areas (low
gradient of regression line).
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15875




Figure 6. Time series of backscatter over rice-cropped area (backscatter vs. incidence angle, 
original backscatter and normalized backscatter). 
4.2. Time-Series Creation and Filtering 
To generate ASAR WSM time-series composite for each day of year from multi-track and multi-year 
observations, some simplifying assumptions are needed to be made. First, we supposed that the 
backscatter changes over time exhibited by different rice-cropping schemes remained stable over the 
observation period. This entails that no changes in the cropping scheme, no change in land cover and no 
significant alterations in the growing seasons took place during the 2007 to 2011 period. Second, we 
presumed the distribution and amount of sample points to be sufficient to fulfill the criteria of the 
Nyquist-Shannon-Kotelnikov sampling theorem [75,76]. The average sampling of ASAR WSM 
observations is 1.5 to 2 measurements per week with a maximum two-week time gap between 
observations in some limited periods of the year (see Figures 1 and 3). Therefore, it is supposed that the 
ASAR WSM weekly sampling (averaging 7-day intervals ) is capturing any rice crop variations 
throughout the year as at least one measurement per week is occurring. 
Rice area extent in the Mekong Delta can be regarded as mostly stable based on our long-term in situ 
knowledge and previous studies also showing regular changes in cropping scheme affect only small 
areas at the fringes of irrigated triple-crop and rainfed single-crop areas [8]. To create a time series dense 
enough for rice mapping, we combined Envisat ASAR WSM data from multiple years into one dataset. 
We did this by considering only the day of acquisition (DOY) and disregarding the year that image was 
taken in. We created σ°NOR time series that represents the backscatter behavior over the year for the 
period of 2007 to 2011. The number of observations in our study area ranges from 80 to 113 with a 
maximum time-gap of 16 days and a mean acquisition interval between 1.5 and 2.2 days. In the next 
step, we calculated the mean of backscatter over all acquisitions within 7-day intervals and created a 
Figure 6. Time series of backscatter over rice-cropped area (backscatter vs. incidence angle, original
backscatter and normalized backscatter).
4.2. Time-Series Creation and Filtering
To generate ASAR WSM time-series composite for each day of year from multi-track and
multi-year observations, some simplifying assumptions are needed to be made. First, we supposed
that the backscatter changes over t me exhibited by different rice-cropping schemes remained stable
over the observation period. This entails that no changes in the cropping scheme, no change in
land cover and no significant alterations in the growing seasons took place during the 2007 to 2011
period. Second, we presumed the distribution and amount of sample points to be sufficient to fulfill
the criteria of the Nyquist-Shannon-Kotelnikov sampling theorem [75,76]. The average sampling
of ASAR WSM observations is 1.5 to 2 measurements per week with a maximum two-week time
gap between observations in some limited periods of the year (see Figures 1 and 3). Therefore, it
is supposed that the ASAR WSM weekly sampling (averaging 7-day intervals) is capturing any rice
crop variations throughout the year as at least one measurement per week is occurring.
Rice area extent in the Mekong Delta can be regarded as mostly stable based on our long-term
in s tu knowledge and previous studies also showing regular cha ges in cropping scheme affect only
small areas at the fringes of irrigated triple-crop and rainfed single-crop areas [8]. To create a time
series dense enough for rice mapping, we combined Envisat ASAR WSM data from multiple years
into one dataset. We did this by considering only the day of acquisition (DOY) and disregarding the
year that image was taken in. We created σ˝NOR time series that represents the backscatter behavior
over the year for the period of 2007 to 2011. The number of observations in our study ar a ranges
from 80 to 113 with a maximum time-gap of 16 days and a mean acquisition interval between 1.5 and
2.2 days. In the next step, we calculated the mean of backscatter over all acquisitions within 7-day
intervals and created a single-year time series with 52 data points denoted as σ˝NOR_average, which
represents the average of backscatter f r each week. Averaging was executed to tackle the temporal
heterogeneity of the WSM acquisitions while at the same time creating a time series dense enough to
capture phenological stages of the rice growth, like transplanting and heading. A 7-day interval was
therefore chosen.
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The compositing of backscatter measurements has the advantage of reducing the random noise
errors inherited in the ASAR WSM data from atmospheric attenuation and speckle noise. On the
other hand, it has the disadvantage of introducing noise caused by land-use changes, shifts in the
growing seasons, their start and end points, their length as well as changes in the cropping scheme,
for example a change from single-cropped rice to double-cropped rice or from double-cropped rice to
triple-cropped rice, that could have happened over the five-year period. These kinds of errors are
supposed to be of a random nature and therefore have already filtered in the σ˝NOR_average time
series, thereby resulting in a smoothed backscatter signal available for classification of different
rice-cropping schemes. To smooth the σ˝NOR_average time series, a Gaussian filter with standard
deviation of 3 for the kernel was selected for temporal filtering as it shows satisfying coincidence with
the reported number of rice crops, visible as distinct peaks, as well as their approximated heading
dates compared to the reference data. An example of different standard deviation kernels is given
in Figure 7.
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Figure 7. Gaussian window function with different standard deviations compared to the unfiltered,
averaged time series and the non-averaged time series.
4.3. Reference Dataset
The reference datasets used in this study are the land-use maps from 2005 and 2010 in the
Mekong Delta. For simplification, we merged different legends from the land-use maps into single,
double and triple cropped-rice classes as shown in Table 1. All remaining classes are considered
non-rice-cropping areas.
Furthermore, both reclassified map were i tersected to derive quasi stable rice-cropping area .
In the resulted 2005´2010 map, the areas classified with the same cropping schemes were kept and
all other areas were reclassified as non-rice (Figure 8).
15877
Remote Sens. 2015, 7, 15868–15893
Remote Sens. 2015, 7 12 
 
 
Furthermore, both reclassified maps were intersected to derive quasi stable rice-cropping areas. In the 
resulted 2005−2010 map, the areas classified with the same cropping schemes were kept and all other 
areas were reclassified as non-rice (Figure 8).  
 
Figure 8. Homogenization and intersection of the 2005 and 2010 land-use maps. 
  
Figure 8. Homogenization and intersection of the 2005 and 2010 land-use maps.
15878
Remote Sens. 2015, 7, 15868–15893
Table 1. Land-use map homogenization key.
Land-Use Map 2010 Merged Legend Land-Use Map 2005
Triple-cropped rice Triple-cropped rice Triple-irrigated rice
Double-cropped rice + subsidiary
Double-cropped rice
Double-irrigated rice
Double-cropped rice (WS & SA)
Double-cropped rice (SA & Main)
Double rainfed riceDouble-cropped rice (WS & Main)
Single-cropped rice + subsidiary
Single-cropped rice Single rainfed riceSingle-cropped rice + shrimp
Single-cropped rice + aquatic
Single-cropped rice
4.4. Rice Crop Classification
A straightforward, knowledge-based decision-tree approach was used to discriminate different
types of rice-cropping systems. This approach is based on the unique seasonal pattern of rice
cropped in the magnitude of SAR backscatter coefficient throughout the growth cycle. Rice crops
typically exhibit a temporally varying backscatter signal due to their phenological interaction with
the microwave signal. For each location in the study area, the maximum and minimum of the
σ˝smooth and consequently the amplitude defined as maximum variation of σ˝smooth are calculated.
In addition, the local min, max, and variation of backscatter for each time interval are calculated.
Rice heading dates are distinct peaks in the σ˝smooth time series and can be identified by a local
maxima algorithm that detects all peaks within the one rice-growing cycle. Figure 9 shows results
of the smoothing and backscatter peak detection from six different land-cover types. Additional
conditions are applied for the peak detection since a distinct local maxima of the backscatter can also
be found in time-series profile of the other land-cover classes as it is shown in Figure 9d–f. In order
to distinguish rice from other land-cover classes, three more static thresholds based on the σ˝smooth
values are empirically defined. The first threshold is set to ´8dB for the local maxima, which has to
be exceeded for a peak detection corresponding to the rice heading date. The second threshold is set
for the minimum amplitude of the backscatter (difference between local minimum and maximum),
which has to exceed 2.5 dB. The third threshold is set for the temporal distance between the local
maximums. The temporal distance between two local maximums has to be greater than the shortest
possible rice-growing cycle which is about 90 days. If all three conditions are met, then the pixel is
classified as rice; otherwise it is identified as a non-rice area. The number of detected local maxima
in the σ˝smooth time series determines the classified rice pixel as single, double or triple-cropped rice
area, as can be seen in Figure 9a–c, respectively.
Backscatter is sensitive to roughness, vegetation and soil moisture. The latter two are fluctuating
seasonally and therefore are well captured by SAR sensors. Moreover, the phenology patterns
(translating and heading time) were well observed over rice-cropped sections in the study area.
Therefore, for the next step, the smoothed backscatter time series are used for determination of
key seasonality parameters over all rice-growing areas. Building on the methodology developed
by Jönsson and Eklundh [77], we defined following phenological parameters:
‚ Start of Season (SOS) as it can be identified from the inflection point in σosmooth time series where the
second derivative equals 0 and changes from negative to positive.
‚ End of Season (EOS) as inflection point in σosmooth time series where the second derivative equals 0
and changes from positive to negative.
‚ Length of Season (LOS) as the difference between start and end of season.
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Figure 9. Normalized backscatter time series σoNOR compared to the averaged, smoothed time
serie σosmooth for six different land-cover types. (a) Single-cropped rice. (b) Double-cropped rice.
(c) Triple-cropped rice. (d) Urban. (e) Water. (f) Mangrove forest.
This methodology was originally developed for multispectral vegetation indices, which in
regard to time series over rice fields show a similar, albeit non-identical behavior as SAR backscatter
and are therefore not directly comparable. Examples of single, double and triple rice-cropping
schemes that have differing crop calendars and rice varieties of unequal length and therefore different
patterns in their seasonality parameters are given in Figure 10. Figure 10a,b show the influence of
short- (b) and long- (a) duration rice varieties on backscatter values. Figure 10b is an example of
a single-cropped rice + aquaculture field, which explains the prolonged flooding stage compared
to Figure 10a.
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5. Results 
Time-series analysis of Envisat ASAR wide swath data from 2007 through 2011 resulted in a map of 
the rice-growing areas in the Mekong Delta and their respective cropping schemes shown in Figure 11. 
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Figure 10. Retrieval of rice-growing season length for single, double and triple-cropped rice under
different crop calendars. (a,b) Single-cropped rice; (c,d) Double-cropped rice; (e,f) Triple-cropped rice.
5. Results
Time-series analysis of Envisat ASAR wide swath data from 2007 through 2011 resulted in a
map of the rice-growing areas in the Mekong Delta and their respective cropping schemes shown in
Figure 11. Double rice cropping is the dominant rice-cropping scheme in the Mekong Delta. Triple
rice cropping is mainly practiced in the central part of the Mekong Delta in the direct vicinity of
the Mekong and Bassac Rivers. The northern parts of the delta away from the rivers are primarily
double-cropped rice with small and scattered patches of single and triple cropping scheme. Towards
the southern coastline of the Mekong Delta, rice fields are sparse, which is especially visible in the
southern parts of the Ca Mau, Bac Lieu and Soc Trang provinces. A similar distribution, where
rice area levels off toward the cost, is visible at the northwestern tip of the delta in the Kien
Giang Province.
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Seasonality parameters extracted from the time series have been used to produce maps of the temporal 
distribution of the beginning of the first and second cropping season, end of second and last growing 
season, displayed in Figure 12, as well as the length of the first and second cropping season which are 
visible in Figure 13. Most areas that practice two rice crops per year start the first season around January 
and end the second season anywhere from August to November. Triple crop areas can be divided into 
two temporal patterns, where the first season either starts in December of the previous year or around 
April and March. The first group has the end of the third growing season in November or December and 
the second one around February and March. The majority of second growing seasons start in May and 
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Figure 11. Rice crop map for the Mekong Delta derived from Envisat ASAR WSM data from 2007
to 20 1.
Seasonality parameters extracted from the time series have been used to produce maps of the
temporal distribution of the beginning of the first and second cropping season, end of second and
last growing season, displayed in Figure 12, as well as the length of the first and second cropping
season which are visible in Figure 13. Most areas that practice two rice crops per year start the first
season around January and end the second season anywhere from August to November. Triple crop
areas can be divided into two temporal patterns, where the first sea on either starts in December of
the previous year or around April and March. The first group has the end of the third growing season
in November or December and the second one around February and March. The majority of second
growing seasons start in May and June. Areas with triple cropping and areas at the beginning of the
first season in March and April have the start of the second season arou d August.
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Figure 12. Growing season start and end dates in the Mekong Delta derived from Envisat 
ASAR WSM data from 2007 to 2011. 
Length of the first and second growing season is depicted in Figure 13. Most double- and  
triple-cropped rice areas have a short first growing season below 80 days. For triple-crop schemes the 
second season is short as well, whereas double crop exhibits a longer second season. The length of the 
second season of double cropped areas can range from 80 to 140 days. The growing season from SAR 
point of view could be different than the growing season extracted from NDVI time series. The SAR 
Figure 12. Growing season start and end dates in the Mekong Delta derived from Envisat ASAR WSM
data from 2007 to 2011.
Length of the first and second growing season is depicted in Figure 13. Most double- and
triple-cropped rice areas have a short first growing season below 80 days. For triple-crop schemes
the second season i short as well, whereas double crop exhibits a longer econd season. The length
of the second season of double cropped areas can range from 80 to 140 days. The growing season from
SAR point of view could be different than the growing season extracted from NDVI time series. The
15883
Remote Sens. 2015, 7, 15868–15893
SAR sensor is sensitive to the vegetation structure and soil moisture rather than the greenness, which
is the case with NDVI measurements. In general, NDVI values start to increase earlier than observed
in SAR measurements. This is why the SAR-detected growing season in the study region could
go below 80 days. For determination of the SOS, EOS, and LOS, all observations from multi-years
are considered since not enough measurements from single years are available to map the seasonal
variations accurately. This is why the SOS and EOS might not represent the exact transplanting and
harvest times in comparison to the values extracted from single-year NDVI time series.
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Accuracy of our classification has been assessed by comparing the classification results to the 2005 
and 2010 land-use maps as well as their intersection. The minimum mapping units between the 2005 
and 2010 land-cover datasets are not comparable (2010 MMU50k = 4 ha and 2005 MMU650k = 169 ha). 
Therefore, we extracted the sample points for each dataset by means of a regular grid with 500 m spacing 
where the sample point is extracted from the cell’s center as depicted in Figure 14. Confusion matrices 
for all three reference datasets are presented in Table 2. We can report an overall classification accuracy 
of 85.3% (kappa coefficient 0.74) compared to the 2005–2010 intersection map, 77.2% (kappa 
coefficient 0.62) compared to the 2010 land-use map and 70.3% (kappa coefficient 0.52) compared to 
the 2005 land-use map. 
Figure 13. Length of first and second rice-growing season the Mekong Delta derived from Envisat
ASAR WSM data from 2007 to 2011.
Accuracy of our classification has been assessed by comparing the classification results to
the 2005 and 2010 land-use maps as well as their intersection. The minimum mapping units
between the 2005 and 2010 land-cover datasets are not comparable (2010 MMU50k = 4 ha and 2005
MMU650k = 169 ha). Therefore, we extracted the sample points for each dataset by means of a regular
grid with 500 m spacing where the sample point is extracted from the cell’s center as depicted in
Figure 14. Confusion m trices for all th e reference datasets are pres nted in Table 2. We can
report an overall classification accuracy of 85.3% (kappa coefficient 0.74) compared to the 2005–2010
intersection map, 77.2% (kappa coefficient 0.62) compared to the 2010 land-use map and 70.3%
(kappa coefficient 0.52) compared to the 2005 land-use map.
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Figure 14. Sampling procedure with a regular 500 m grid from the 2010 land-use map. 
Table 2. Confusion matrices of the accuracy assessment. 
  Land Use Map 2005-2010 Intersect  
 Class SC DC TC Non-Rice Total 
Producer 
Accuracy 
ASAR SC 695 97 4 2561 3357 20.7% 
 DC 20 21,980 3544 2001 27,545 79.8% 
 TC 2 1290 12,121 868 14,281 84.9% 
 non-rice 149 2905 3086 64,474 70,614 91.3% 
 total 866 26,272 18,755 69,904 115,797  
 user accuracy 80.3% 83.7% 64.6% 92.2%   
  
Figure 14. Sampling procedure with a regular 500 m grid from the 2010 land-use map.
Table 2. Confusion matrices of the accuracy assessment.
Land Use Map 2005-2010 Intersect
Class SC DC TC Non-Rice Total Producer Accuracy
ASAR SC 695 97 4 2561 3357 20.7%
DC 20 21,980 3544 2001 27,545 79.8%
TC 2 1290 12,121 868 14,281 84.9%
non-rice 149 2905 3086 64,474 70,614 91.3%
total 866 26,272 18,755 69,904 115,797
user accuracy 80.3% 83.7% 64.6% 92.2%
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Table 2. Cont.
Land Use Map 2010
Class SC DC TC Non-Rice Total Producer Accuracy
ASAR SC 2864 264 36 4371 7041 33.7%
DC 252 30,155 7261 6258 43,926 68.7%
TC 36 2643 15,906 2972 21,557 73.8%
non-rice 934 6120 5558 75,763 88,735 85.7%
total 3592 39,182 28,761 89,364 160,899
user accuracy 66.0% 77.0% 55.3% 84.8%
Land Use Map 2005
Class SC DC TC Non-Rice Total Producer Accuracy
ASAR SC 1234 614 20 4199 6067 20.3%
DC 234 29,645 7639 6544 44,062 67.3%
TC 30 4213 14,697 3346 22,286 65.9%
non-rice 714 10,011 10,712 68,816 90,253 76.3%
total 2212 44,483 28,761 82,905 162,668
user accuracy 55.9% 66.6% 44.4% 83.0%
Comparing the rice area from our classification with the rice acreage data (the mean values of
the statistical yearly acreages over the 2007–2011 periods) provided by Vietnam’s General Statistics
Office yielded a correlation coefficient (R²) of 0.98 with a root mean square error (RMSE) of 19,664 ha
per province (Table 3).
Table 3. Average planted area of rice by province (in ha) for all seasons in five-year period (2007´2011)






( ˆ 103 ha) ∆ (ˆ 10
3 ha) ∆2 (ˆ 106 ha)
LongAn 507.4 489.6 17.8 316.84
TienGiang 210.4 247.1 ´36.7 1346.89
BenTre 68.2 81.5 ´13.3 176.89
TraVinh 240.5 237.4 3.1 9.61
VinhLong 198.2 184.2 14.0 196.00
DongThap 538.0 468.5 35.4 1253.16
AnGiang 633.9 610.3 23.6 556.96
KienGiang 722.6 694.7 27.9 778.41
CanTho 233.3 228.1 5.2 27.04
HauGiang 210.0 214.0 ´4.0 16.00
SocTrang 351.9 355.8 ´3.9 15.21
BacLieu 187.9 171.2 16.7 278.89
CaMau 146.6 139.2 7.4 54.76
6. Discussion
An annual SAR backscatter time series was reconstructed from Envisat ASAR data spanning
five years with a novel method. The combination of acquisitions from multiple years was necessary
since the inclusion of multiple tracks alone does not meet the temporal density required for reliable
time-series analysis. Inclusion of scenes with partial coverage increased the temporal coverage
with the drawback of unequal spatial distribution. This temporal and spatial heterogeneous dataset
required a robust approach to combination and filtering in order to create a time-series representative
for the study period. Homogenization of the ASAR wide swath acquisitions was executed by
averaging the available data over the temporal domain, where the averaged value is calculated from
all available observations for each pixel over 7 (see Figure 4) and normalizing them to a common
incidence angle. Incidence angle normalization was performed following an approach described by
Pathe et al. [73]. In their study, the authors assumed that the influence of vegetation growth and
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seasonality on backscatter is smaller than that of soil moisture given that the linear model used to
normalize the incidence angle is fitted to enough scenes. We transfer this approach to rice areas that
are proven to have a high influence on backscatter. We postulate that the influence of rice growth on
backscatter change in a time series is the main contributing factor; rice areas and growth seasons in
the Mekong Delta are temporally stable enough to employ this normalization approach. Our results
show that these assumptions have been correct and the incidence angle normalization can be used to
combine multiple Envisat ASAR WSM tracks into a single time series. This novel approach allowed
us to include a greater number of SAR scenes than any of the previous studies for the MKD.
Our algorithm produced a time series that represents the smoothed average of the SAR
backscatter over five years, thus enabling us to evaluate the dominant rice-growing areas, cropping
schemes and seasonality parameters for our study period. Any change in rice crop patterns and
growing seasons happening in the 2007 to 2011 period is likely to be a source of error when we
compare our classification to reference data representing a single year and we acknowledge that
errors caused by dynamic shifts in rice-cropping patterns and seasonality will be present in our
results. This is visible by comparing the users’ accuracies for the 2010 and 2005 reference with the
quasi stable areas of the 2005´2010 intersection. User accuracy compared to the 2005 land-use map
is 66.6% for double-cropped rice but 83.7% when regarding areas that are double cropped in the
2005´2010 intersection. For all classes, the user accuracy is higher when we compare our classification
to the quasi stable areas of the 2005´2010 intersection reference. On the one hand, this highlights
a limitation in our method which relies on temporal averaging and smoothing to create an ASAR
time series. On the other hand, it also underlines the temporal dynamics in rice-cropping schemes
and other land-cover changes in the Mekong Delta. Most classification errors can be attributed to
this dynamic but cannot be completely assessed due to the lack of a reference dataset covering the
complete 2007 to 2011 period. We suspect that these dynamic changes are also one of the error sources
contributing to the low producer accuracy of the single-cropped class compared to the 2005´2010
intersection. Single-cropped, rainfed rice is increasingly diminished in favor of more profitable
shrimp and fish farming [8,66,78] and could thusly be misclassified when such a change occurred
during our study period. In addition, this cropping scheme is less widely distributed and spatially
homogeneous than double or triple crop rice and might therefore be underrepresented in the 2005
land-use map which is based on moderate resolution data. Triple-cropped rice shows relatively
low user accuracy compared to the 2005´2010 intersection. We suspect the error source for this in
our time-series creation methodology. If an area is triple cropped throughout the study period but
with slight shifts in heading and sowing dates, our temporal averaging and smoothing approach is
unlikely to produce the discernible heading dates necessary for the decision-tree classifier to detect
rice areas.
We found good agreement in the spatial distribution of single, double and triple rice-cropping
schemes compared to previous studies in the Mekong Delta that reported cropping scheme maps with
accuracies similar to our product [6,8,49,66,77]. The major driving force behind a farmer’s choice of
cropping scheme is the availability and management of water [66]. The central parts of the delta are
close to two large rivers and have a dense system of dykes and channels that allow flood management.
Kuenzer et al. [63] already pointed out that the level of flood management coincides highly with the
employed rice-cropping scheme. This abundance of water combined with the ability to manage the
flooding enables the cultivation of two or three rice crops per year. Son et al. [8] found that triple
cropping increased by about 12% at the expense of double cropping under irrigated conditions for
the 2007 to 2011 period. The method we employed has limited ability to show these changes since it
detects the dominant cropping scheme over the studied time period. We therefore have to assume that
some classification errors in the central Mekong Delta between double- and triple-cropping occurred.
These, however, do not influence the accuracy of total rice area, which has been reported as stable
over time [8]. Moreover, the rice area of our product correlates highly with governmental statistics
at the provincial level. Away from the rivers, the flooding is less managed and rice tends to be
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double cropped under rainfed conditions. Triple cropping is not employed in these regions due to
a lack of water during the dry season. Rainfed single cropping is mostly practiced in coastal areas
under less than ideal growing conditions induced by salinity intrusion. These areas experience a shift
away from rice towards more profitable shrimp and combined rice and shrimp farming [8,66,77].
Our methodology is unsatisfactory in detecting changes in land cover and we can only report the
dominant land cover. We therefore have to assume these changes to be a source of commission and
omission errors between classes as well as between rice and non-rice areas.
Length of flooding influences whether double cropping is performed with two short or a short
followed by a long season, visible from the length of the second season in Figure 14. It is likely that
the short-long double-cropping areas grow different rice varieties each year for the second season
with different growth period lengths depending on water availability, pest control and market prices.
In unfavorable conditions, farmers are more likely to plant resilient rice varieties with longer growing
periods [66]. These diverse cropping practices have likely been averaged out by our algorithm.
Classification of growing season length and the respective start and end points is most accurate for
areas with stable cropping practices and otherwise shows the average for 2007 through 2011. Triple
cropping is executed with three short growing seasons in the Winter´Spring, Summer´Autumn and
Autumn´Winter periods in order to manage three whole crops throughout a year. Our classification
shows significant differences in the beginning of the first season for triple-cropped areas. This,
to some extent, might be attributed to our algorithm. Depending on the heading date, either the
Winter´Spring or Spring´Summer crop is detected as the first crop of the year. Nonetheless, this
reveals that even under the same cropping scheme and comparable environmental conditions, a shift
of more than a month for the heading dates is possible. This variation is also exhibited by single- and
double-cropping rice areas, proving to be one of the major challenges of rice classification in the
Mekong Delta.
Mixed pixel effects caused by the spatial resolution of wide swath mode data are a source for
commission errors. While single rice fields usually have a size of 1´2 ha they tend to be aggregated
to larger rice area clusters in our study area. Fields inside these clusters are bound by small dykes,
dams, roads, non-rice vegetation and other land cover smaller than the geometric resolution of our
SAR data. Since these elements cannot be detected in ASAR WSM images, they will lead to an
overestimation of the total rice area by virtue of commission errors. A reverse effect of omission
errors does not hold true since there are no small rice fields located inside larger areas of other land
cover. This effect is likely to be small or cancelled out by omission or other error sources since the
comparison of our estimated rice area with official statistics showed good correlation, albeit with a
small overestimation of rice area.
7. Conclusions
Our study presents a novel approach to rice mapping by combining multi-year and multi-track
SAR wide swath acquisitions into a normalized time series which can be used to observe the temporal
backscatter dynamics over paddy rice fields. Effects of differing incidence angles and temporal
density of acquisitions have been tackled by temporal averaging and incidence angle normalization
based on statistical methods. Classification was performed with a rice crop phenology decision-tree
classifier based on previous studies. This novel approach to combining Envisat ASAR WSM data led
to a significant increase in temporal density by using all available observations compared to previous
studies that employed narrow swath multi-polarization data or only detected the temporal change
within single tracks.
We used the method to map rice areas and cropping schemes in the Mekong Delta for the 2005
to 2011 period based on all available ASAR WSM acquisitions. Compared to 2005 and 2010 land-use
maps, we can report an overall accuracy of 85.3% with a kappa coefficient of 0.74. Our data is highly
correlated with official rice area statistics (R² of 0.98). A disadvantage of our method is that no
yearly rice maps of the Mekong Delta can be produced based on Envisat ASAR data which would
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allow the detection of dynamic changes in rice area and seasonality. This is less a limitation of the
method, however, and more a reflection of a lack in the availability of suitable SAR data. Sentinel-1
has the ability to cover our study area with a repeat cycle of 12 days and could be used for timely
rice mapping and seasonality detection in the Mekong Delta. Our method of backscatter time-series
creation from multiple-tracks with incidence angle normalization to enhance temporal and spatial
coverage should be transferable to Sentinel-1 data. We tested this approach in the Mekong Delta but
it should be applicable to paddy rice areas worldwide demonstrating a distinct temporal backscatter
change. Previous studies and theoretical models have shown that this holds true for all rice fields that
are flooded before direct seeding or transplantation of rice seedlings.
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